The load and power consumption forecasting have a significant impact on the efficient operation of the power transmission and distribution networks if we are to consider that several important cost-effective decisions rely on such forecasting. The importance of the short and medium-term load forecasting is to increase as a result of the dramatic changes that occur within the structure of the power industry. The Romanian electricity market has two major components: the bulk market (or the pool) and the spot market. At present, only the bulk market is operating. On the bulk market, the trading arrangements between generators and suppliers are based on bilateral contracts. Bilateral contracts are concluded for one year between generators and Electrica S.A., the last playing the role of both distributor and supplier. These contracts establish fixed energy quantities, which the generator sells to the supplier at fixed prices. 
The load and power consumption forecasting have a significant impact on the efficient operation of the power transmission and distribution networks if we are to consider that several important cost-effective decisions rely on such forecasting. The importance of the short and medium-term load forecasting is to increase as a result of the dramatic changes that occur within the structure of the power industry. The Romanian electricity market has two major components: the bulk market (or the pool) and the spot market. At present, only the bulk market is operating. On the bulk market, the trading arrangements between generators and suppliers are based on bilateral contracts. Bilateral contracts are concluded for one year between generators and Electrica S.A., the last playing the role of both distributor and supplier. These contracts establish fixed energy quantities, which the generator sells to the supplier at fixed prices. These quantities are expressed as mean hourly values for 48 characteristic days, i. This paper describes a new approach to the mediumterm load forecasting which uses artificial neural networks and fuzzy techniques. The medium-term load forecast must be understood hereinafter as the assessment of the power consumption as load profiles with hourly values for 48 characteristic days within a year. The authors have analyzed the possibility to take into consideration some macroeconomic (MEc) indicators such as the Consumer Price Index (CPI), the Average Salary Earning (ASE) or the Currency Exchange Rate (CER), available from Romanian Government statistics. The analysis was driven to compute correlation coefficients between daily and monthly peak loads and the MEc indicators. The correlation analysis emphasizes certain inertia of 4 months (for CPI and ASE) or 120 days (for CER) and an inverse correlation between the peak load and the MEc indicators. These features seem to fit well the Romanian economic and social realities.
The medium-term forecasting model uses the selforganization process in Kohonen networks, which are also called Self-Organizing Feature Maps (SOFMs). Twelve SOFMs have been used, one for each month of the year. Each SOFM has four class-neurons or units, corresponding to the four characteristic days in a month: [ Further researches are under way to improve the accuracy of medium-term load forecasts, especially for weekend days and holidays. These researches consider the possibility of using either more or new independent load forecasting variables which were not consider in this paper, or load forecast correction mechanisms which take into consideration the general trends and changes in the electricity consumption or in the economic environment. 
INTRODUCTION
The load and power consumption forecasting have a significant impact on the efficient operation of the power transmission and distribution networks if we are to consider that several important cost-effective decisions rely on such forecasting. Among these decisions, that may involve tremendous expenses, one can mention: planning generated and reserve power, planning fuel supply, monitoring system security or operating and planning financial power transactions. The importance of the short and medium-term load forecasting is to increase as a result of the dramatic changes that occur within the structure of the power industry. These changes are generated by the power industry deregulation process and by the emerging competition on the power markets.
The Romanian National Energy Regulating Authority (ANRE) has developed a portfolio of decisions and recommendations using as base-model the electricity market in UK. ANRE has also assimilated some new elements, which were introduced later on in the UK Power Exchange through the New Electricity Trading Arrangements (NETA). Today, the Romanian electricity market offers free access to 18 eligible consumers, representing roughly 10% of the annual electricity trading in Romania. In order to become eligible for electricity supply, and thereafter to choose the supplier, the electricity consumption of a company must be greater than 100 GWh, or an average load of 11.5 MW.
The Romanian electricity market has two major components: the bulk market (or the pool) and the spot market. At present, only the bulk market is operating. On the bulk market, the trading arrangements between generators and suppliers are based on bilateral contracts. Bilateral contracts are concluded for one year between generators and Electrica S.A., the last playing the role of both distributor and supplier. These contracts establish fixed energy quantities, which the generator sells to the supplier at fixed prices. These quantities are expressed as mean hourly values for 48 characteristic days, i. The spot market will be put into service in the near future. In a first stage the spot market will operate the financial short-term balance between generators and suppliers for the differences in energy resulting from the quantities in the bilateral contracts. The plus differences shall be purchased by the supplier on the spot market at the market marginal price determined by the commercial operator based on the bids of generators and suppliers. For either spot or bulk market the suppliers' bids are based on load forecasts (short-term load forecasts for the spot market and medium-term load forecasts for the bulk market).
The latest researches and results published in the literature show that the interest in load forecasts has moved from traditional techniques to models that use neural networks and fuzzy systems -see Khotanzad et al (3), Gavrilas et al (2) and Srinivasan et al (4) . This paper describes a new approach to the medium-term load forecasting which uses artificial neural networks and fuzzy techniques. The medium-term load forecast must be understood hereinafter as the assessment of the power consumption as load profiles with hourly values for 48 characteristic days within a year.
ECONOMIC BACKGROUND
Almost all short-term load forecasting techniques use as independent variables certain weather condition information such as hourly temperature, relative humidity or wind speed. As for the medium-term load forecasts, it is almost impossible to take into consideration such influence factors, as the forecasting period is much wider, and detailed and accurate weather information predictions might not be available. Considering these, the authors have analyzed the possibility to take into consideration some macroeconomic (MEc) indicators such as the Consumer Price Index (CPI), the Average Salary Earning (ASE) or the Currency Exchange Rate (CER), available from Romanian Government statistics. First, the amount in which electricity consumption is influenced by these indicators must be determined. The analysis was driven to compute correlation coefficients between daily and monthly mean or peak loads and the MEc indicators. The most significant correlations were found for the peak loads, the values for the mean loads being over 10 times less. Thus, Table 1 shows the values of the correlation coefficients between the peak load on one hand, and the MEc indicators on the other hand. The information was monthly-based for the CPI and ASE indicators, and daily-based for the CER indicator. Therefore, for reasons of uniformity, Table 1 contains CER's data for the final days in each month. The data in this table emphasize certain inertia of 4 months (for CPI and ASE) or 120 days (for CER). In fact, the largest value of the CER indicator was Table 1 . At the same time, the negative values of these data show an inverse correlation between the peak load and the MEc indicators. The 4 months inertia and the inverse correlation above seem to fit well the Romanian economic and social realities. These facts were the reason the research for medium-term load forecasting was conducted using as main independent variable the CPI, ASE or CER indicators and a 4 months delay.
On the other hand, for a specified month there are several different daily load profiles but one value of the MEc indicators. So using only one value of the MEc indicators, as reported in official statistics, to forecast 30 or 31 load profiles with 24 hourly values would be technically very inappropriate. Therefore, to increase the diversity in the MEc indicators, their values were extrapolated to a daily basis. The extrapolation was applied for each month using a parabolic approximation with three values originating from the forecasting month, plus the previous and the next months.
FUZZY SELF-ORGANIZING KOHONEN NETWORKS
The medium-term forecasting model uses the selforganization process in Kohonen networks, which are also called Self-Organizing Feature Maps (SOFMs). Twelve SOFMs have been used, one for each month of the year. Each SOFM has four class-neurons or units, corresponding to the four charactersitic days in a month: Between the two learning strategies associated to SOFMs, namely the winner-take-all strategy and the reinforcement/extinguishing strategy [see Looney (5) ], the first was chosen as learning algorithm. The traditional SOFM algorithm that uses the winner-takeall strategy applies a kind of vector quantization procedure through repeated updating of the prototypes of each class-unit. Unfortunately this algorithm is extremely sensible to the order the learning patterns are presented to the network. That is, one order of patterns presentation will produce a set of class-prototypes, while using another order of patterns presentation will end with other set of class-prototypes, which might be completely different from the first ones. One way to avoid this deficiency is to apply some sort of batch learning strategy. This is possible if the neighborhood and the learning rate of each class-unit take continuous values, as opposed to the traditional algorithm, which uses one single learning rate for all class-units and discrete neighborhoods. The batch learning strategy considered here uses a fuzzy membership functionbased learning algorithm. For each pattern p and each class-unit i a learning rate ip (t) is computed at one epoch t. The learning rate ip (t) uses a gaussian fuzzy distribution as in the next equation:
where X p -vector of the learning pattern p; W i -vector of the weights or prototypes of class-unit i; and m, m 0 , and T max -learning parameters.
During a learning epoch t, all patterns a presented to the SOFM and the learning rates are computed accordingly eq. (1) . The values of parameters ip (t) reflects indirectly the neighborhoods of each class-unit. A higher value of ip (t) denotes a pattern which is to be used to update the prototype of a winning class-unit i. On the contrary, a smaller value of ip (t) denotes a pattern which is to be used to update the prototype of a class-unit i which is in the neighborhood of some winning class-unit i*. At the end of the learning epoch, all learning rates are used to update the prototypes of the class-units in one step:
where P is the number of learning patterns. The selforganization process stops when no significant changes in the prototypes occur between two learning epochs.
RESULTS AND CONCLUSIONS
The fuzzy SOFMs model described above has been used to perform medium-term load forecasts for the load profiles of the 48 characteristic days used in bilateral contracts between generators and suppliers as described in first section. The database consists of hourly load profiles for the contour of an Electrica SA subsidiary and values for the MEc indicators from 1 st April 1998 to 13 th April 2000. The learning data set was built using the input structure described in the previous section and load and MEc data between 1 st April 1998 and 31 st December 1999. The data for year 2000 will be used to test the SOFMs performances after training.
For the learning stage of the SOFMs the patterns were arranged using the following model: for each month M the learning data set contains data from the whole month M and other two weeks, one week from month M-1, and one week from month M+1. This model aims to take into consideration the influence of the load and MEc data in a month on the load level in the next month. The load profiles for each day of the week have been chosen from this period, and regrouped according to the four characteristic days. They resulted in six load profiles for each day of the week, that is 42 learning patterns for each month. These patterns were then used to train 12 SOFMs for each month of the year. After the learning stage the forecasting data set was built as follows. Each day of the forecasting month generates an input pattern, whose structure is: . This pattern is presented to the SOFM network and the winning classunit is established. The winning class-unit is determined on the basis of the distances between the input pattern and the prototypes of each class-unit, using only inputs 1-25 and 50. The prototype associated to the input units 26-49 of the winning class-unit will be considered as the forecasted load profile for that day. Figure 2 presents these typical load profiles computed using for the MEc indicator (units 25 and 50) one of the CPI, ASE or CER indices. As this figure shows, the typical load profiles have similar shapes and same general trends irrespective of the MEc indicator used as forecasting parameter. Some significant differences between the load profiles in Figure 2 appear only for two characteristic days, namely [Tu + We + Th] and [Sa] . As one can see in Figure 2 , an one hour or two hours delay occurs for the evening peak load. These differences justify a further analysis, which was meant to compare the forecasted load profiles for each characteristic day with the actual load profiles recorded during April 2000. The comparison was done between the forecasted load profiles and an average load profile computed using an averaging procedure for the actual load profiles for each characteristic day. This procedure has produced the hourly percent squared errors from Figure 3 . These errors were computed using the formula bellow:
where h stands for the hour, ActLoad and ForLoad stand for the actual and the forecasted loads. Figure 3 describes the hourly percent squared errors for the cases when the SOFM forecasting procedure uses as independent variable one of the three indicators, i.e. CPI, ASE or CER.
At the same time, Table 2 shows the values of the percent average errors for the four characteristic days in April 2000 and the three MEc indicators. These errors were computed using the formula: The data from Table 2 and the load profiles from FigureFigure 4 Results of the medium-term load forecasts. Actual and forecasted load profiles for April 2000 using the CPI, indicator as independent variable.
The findings above are a good ground to conclude that, for the analysis conducted in this paper, the best results are produced when the medium-term load forecasting SOFM procedure uses as independent variable the CPI indicator. Thus, Figure 4 shows the actual and the forecasted load profiles for 13 days in April 2000. The graphs in this figure are a good illustration of the above observation. At the same time these graphs offer a general image about the important differences (up to 25-30% of the load), which occur in the characteristic daily load profiles for an electricity company in Romania.
These results recommend the SOFM approach to the medium-term load forecasting as a computer-based tool to support the process of concluding bilateral contracts between generators and suppliers on the electricity markets. Further researches are under way to improve the accuracy of medium-term load forecasts, especially for weekend days and holidays. These researches consider the possibility of using either more or new independent load forecasting variables which were not consider in this paper, or load forecast correction mechanisms which take into consideration the general trends and changes in the electricity consumption or in the economic environment.
